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Machine Learning and Explainable Artificial Intelligence in
Carbon Nanotubes Predictions
Aprendizado de Máquina e Inteligência Artificial Explicável em Previsões de Nanotubos
de Carbono

Moacir Guedes Oliveira1, Carolina Paula Almeida2, Sandra Mara Guse Scós Venske1,2*

Abstract: Nanotechnology is an area that can be applied in all fields of science and nanomaterials, such as
Carbon Nanotubes (CNT), have been the subject of studies in order to reduce costs, time for experiments and
development. CNTs have diverse applications because they are highly rigid, have high strength, and have
low density. Because of this, the evaluation of the properties of carbon nanotubes and identification of their
coordinates are important fields of research for science. Many real problems predictions, including those on
carbon nanotubes, are Multi-Target Regression (MTR) tasks, where multiple continuous target variables are
predicted. Machine learning techniques are well suited to address these types of problem. However, the literature
reports approaches composed of complex models, which are manually configured and do not present any level
of explainability. The goal of this work is to use an Automated Machine Learning (AutoML) technique, for which
10 classic machine learning algorithms are available. The proposal, named aASL-MTR, uses ensemble learning
and AutoML to choose an ensemble of algorithms and their hyperparameters to handle MTR problems. Three
CNT data sets were used in the experiments, with 3 and 4 targets, to predict the coordinates and properties of
the carbon nanotubes. We also tested our approach on a set of 18 real-world data sets, with different numbers
of targets, to evaluate its performance. In addition, an explainable artificial intelligence method was applied to
CNT problems. Statistical tests were used and the aASL-MTR algorithm was compared favorably with classical
algorithms and also with the literature.
Keywords: Carbon Nanotubes — Multi-target Regression — Machine Learning — Automated Machine Learning
— Explainable Artificial Intelligence

Resumo: A nanotecnologia é uma área que pode ser aplicada em todos os campos da ciência, e os nanomateri-
ais, como os Nanotubos de Carbono (NTC), têm sido objeto de estudos com o objetivo de reduzir custos, tempo
de experimentos e desenvolvimento. Os NTCs possuem diversas aplicações por serem altamente rı́gidos, apre-
sentarem alta resistência e baixa densidade. Por isso, a avaliação das propriedades dos nanotubos de carbono
e a identificação de suas coordenadas são campos importantes de pesquisa para a ciência. Muitas previsões de
problemas reais, incluindo aquelas relacionadas aos nanotubos de carbono, são tarefas de regressão multi-alvo,
nas quais múltiplas variáveis-alvo contı́nuas são previstas. Técnicas de aprendizado de máquina são bem
adequadas para lidar com esse tipo de problema. No entanto, a literatura apresenta abordagens compostas por
modelos complexos, que são configurados manualmente e não apresentam nenhum nı́vel de explicabilidade. O
objetivo deste trabalho é utilizar uma técnica de Aprendizado de Máquina Automatizado (AutoML), para a qual
10 algoritmos clássicos de aprendizado de máquina estão disponı́veis. A proposta, denominada aASL-MTR,
utiliza aprendizado por ensemble e AutoML para escolher um conjunto de algoritmos e seus hiperparâmetros
para lidar com problemas de regressão multi-alvo. Três conjuntos de dados de NTCs foram utilizados nos
experimentos, com 3 e 4 variáveis-alvo, para prever as coordenadas e propriedades dos nanotubos de carbono.
A abordagem também foi testada em um conjunto de 18 bases de dados do mundo real, com diferentes números
de variáveis-alvo, para avaliar seu desempenho. Além disso, um método de inteligência artificial explicável foi
aplicado aos problemas de NTC. Testes estatı́sticos foram utilizados e o algoritmo aASL-MTR foi comparado
favoravelmente com algoritmos clássicos e também com propostas da literatura.
Palavras-Chave: Nanotubos de carbono — Regressão multi-alvo — Aprendizado de Máquina — Aprendizado
de Máquina Automatizado — Inteligência Artificial Explicável
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1. Introduction
Carbon nanotubes (CNT) are cylindrical graphene structures
that are one of the research targets in the nanosciences area
[1]. Nanoscience is basically a combination of three areas:
science, engineering, and technology, to study matter and
processes at the nanoscale. The nanoscale is based on the
nanometer, a unit of length equivalent to one billionth (10−9)
of a meter. Nanotechnology can be applied in all fields of
science and nanomaterials have been studied to reduce costs,
time for experiments, and development [2]. CNTs have practi-
cal application in several areas due to their high rigidity, high
strength, and low density. Therefore, evaluating its properties
and identifying its coordinates are important research fields
for science [1].

Recently, Machine Learning (ML) techniques have been
of considerable interest in exploring predictions involving
carbon nanotubes [1]. ML is a field of Artificial Intelligence
(AI) that aims to replicate the fundamental aspects of human
learning, such as observation, repetition, and the analysis of
multiple examples to identify underlying patterns. In ML, the
pattern recognition process is based on probabilistic estimates.
The precision with which ML models can represent various
systems has attracted the attention of scientists [3].

Many predictions related to real problems, including those
related to carbon nanotubes, are Multi-Target Regression
(MTR) tasks. Multi-target regression involves predicting mul-
tiple continuous target variables simultaneously using a com-
mon set of input variables. Despite receiving comparatively
less attention from the machine learning community, multi-
target regression plays a crucial role in numerous real-world
applications [4]. Thus, in addition to carbon nanotube data
sets, the proposed method is tested on 18 other multi-target
data sets benchmarks, making predictions in several applica-
tion areas, such as water quality, air ticket value, and river
network flow.

Today, many companies of different sizes have made use
of Automated Machine Learning (AutoML) to obtain high-
quality machine learning models in an easier way. AutoML
encompasses techniques that automate the selection, training,
and tuning of machine learning models. Sometimes, ensemble
learning, which involves training multiple learners simultane-
ously to solve a problem, can be combined with AutoML.

In this work, we use an AutoML method, Auto Sklearn
(ASL), which makes use of ensemble learning and performs
algorithm selection and hyperparameter tuning. ASL has been
adapted in order to work with a large set of ML algorithms,
adapted for the multi-target regression task. This proposal is
named aASL-MTR (adapted Auto Sklearn for Multi-Target
Regression). The classic algorithms available in the ensem-
ble to be used for a multi-target regression task were: Auto-
matic Relevance Determination (ARD) [5], Stochastic Gra-
dient Descent (SGD) [6], Decision Tree (DT) [7], K-Nearest
Neighbors (KNN) [8], Support Vector Machines (SVM) [9],
Gaussian Process (GP) [10], Random Forest (RF) [11], Extra
Trees (ET) [12], Ada Boost (AB) [13] and Gradient Boosting

(GB) [14]. This pool of algorithms was selected in order to
combine a wide range of regressors, as some of the algorithms
are ensemble learning-based and non-ensemble-based.

In order to better understand the results and output of
the machine learning algorithm, an eXplainable Artificial
Intelligence (XAI) method was applied to problems related
to CNT. XAI is used to describe an AI model, its expected
impact, and possible biases.

The main contributions of this work are: i) improvement
in the prediction of coordinates and mechanical properties of
carbon nanotubes, since there are few works applying machine
learning techniques for these considered data sets; ii) how ap-
proaches using ensembles of classical algorithms can help in
dealing with prediction of coordinates and mechanical proper-
ties of carbon nanotubes, since the literature uses algorithms
of artificial neural networks and deep learning in the approach;
iii) study the prediction of mechanical properties of carbon
nanotubes using a combination of attributes not considered
in the literature; iv) use of an explainable artificial intelli-
gence approach for problems related to carbon nanotubes; v)
adapting algorithms to work with multi-target regression in an
AutoML framework, specifically Auto sklearn, since ASL was
underexplored for the MTR task; vi) performance analysis of
the proposed method against the literature for different data
sets for multi-target regression, covering different amounts of
samples, attributes, and targets.

This paper is organized as follows. Section 2 presents the
background for the proposed work, addressing concepts of
machine learning, carbon nanotubes, and related work. In
Section 3 the proposed approach is described. The results
are presented and analyzed in Section 4. Finally, Section 5
presents conclusions and future directions.

2. Background
This section initially presents machine learning concepts (Sub-
section 2.1), information on the importance of studying carbon
nanotubes (Subsection 2.2), and some related works (Subsec-
tion 2.3).

2.1 Machine Learning
Machine learning (ML) is a branch of Artificial Intelligence
(AI) that focuses on developing algorithms and models ca-
pable of automatically learning and making predictions or
decisions from data, without being explicitly programmed
[3]. Some ML concepts related to this work will be briefly
discussed below.

2.1.1 Multi-Target Regression
The regression task in machine learning involves predicting a
continuous or numerical value based on input data. We seek to
find a functional relationship between the input variables and
the continuous output variable. MTR is a task in which the
machine learning algorithm predicts multiple real-valued vari-
ables simultaneously. Formally, it can be defined as finding a
function f : X → Y such that f maximizes c, where [15]:
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• X is an input space, with tuples of dimension d, contain-
ing values of primitive data types, i.e., ∀xi ∈ X , where
xi = (xi1,xi2, . . . ,xid);

• Y is an output (target) space, with tuples of dimension t,
containing real values, i.e., ∀yi ∈Y , yi =(yi1,yi2, . . . ,yit),
where yik ∈ R and 1 ≤ k ≤ t;

• S is a set of examples where each example is a pair
of tuples from the input and the output space, i.e., S =
{(xi,yi), |,xi ∈X ,yi ∈Y,1≤ i≤N} and N is the number
of examples in S,(N = |S|);

• c is a quality criterion which rewards models with high
predictive accuracy and low complexity.

In this work, the function f is represented by an ensemble
of classic algorithms, managed by an AutoML algorithm. The
function f was also considered to test the classic algorithms
individually.

2.1.2 Ensemble Learning
The ensemble methods [16] involve training multiple learn-
ers simultaneously to address a common problem. Unlike
traditional learning approaches that aim to construct a single
learner based on training data, ensemble methods focus on
creating a collection of learners and merging their outputs
[3, 17]. An ensemble built from different machine learning
techniques can be classified as heterogeneous, while with the
use of a single technique, the ensemble is classified as homo-
geneous. The construction of an ensemble takes place through
the use of some Ensemble Method (EM) [18, 3]. Ensemble
learning methods can be broadly classified into three main
categories [16, 3, 17]: bagging, stacking, and boosting.

Bagging (bootstrap aggregation) involves parallel train-
ing of ML techniques on different subsets of the training
data through bootstrapping and combining their predictions
through averaging or voting. Stacking involves training multi-
ple ML techniques and then training a meta-model to combine
their predictions. Boosting focuses on sequentially training
ML techniques that correct the mistakes made by previous
models, resulting in a strong ensemble.

Ensemble learning has been proven to be effective in vari-
ous domains, including classification, regression, and anomaly
detection. It has been successfully applied in real-world sce-
narios to improve prediction accuracy, generalization, and
robustness of machine learning models [3].

2.1.3 Automated Machine Learning
AutoML is a research field that aims to automatically select,
compose, and parameterize machine learning models to op-
timize the performance of a given task that involves a data
set [19]. The autoML pipeline has some typical components.
The first component consists of a data preparation step that
involves loading and cleaning data for use in the system, as
well as transformations, normalization, or encoding. The next
component involves the step of selecting the features that will

be used in creating the model. The final components involve
the iterative steps of building, training, optimizing, validating,
and selecting a machine learning algorithm to use on a given
problem [20].

Auto Sklearn (ASL) is a tool that uses auto machine learn-
ing concepts and aims to find the best options, considering a
set of machine learning algorithms. For its operation, ASL
uses the Bayesian optimization method [21]. ASL can be
configured to be homogeneous or heterogeneous. Figure 1
summarizes the ASL pipeline.

For optimization using the Bayesian method, ASL in-
cluded two steps in the AutoML pipeline. The first step is
meta-learning (to initialize the Bayesian optimization pro-
cedure), which results in improved system efficiency. The
second step included is an automated ensemble construction
system, which allows using all the regressors (or classifiers)
found by Bayesian optimization.

The Bayesian optimizer pursues the best models combined
with their best hyperparameters, evaluating the performance
of each model, and selecting the best hyperparameters for
the next iteration. The process is repeated iteratively until a
stopping criterion is reached. ASL performs the creation of
an ensemble from the models considered the most promising
during Bayesian optimization. For this, the ensemble selection
technique from Caruana et al [22] was used as EM, which in
short starts with an empty ensemble and iteratively adds the
best performing model until reaching a limit size.

2.1.4 Explainable Artificial Intelligence
eXplainable Artificial Intelligence (XAI) provides methods
that aim to produce machine learning models that present
information to balance issues involving interpretability versus
accuracy. XAI aims to build white/gray box ML models that
are interpretable by design while achieving high accuracy or
black box models that exhibit a minimal level of interpretabil-
ity when white/gray box models cannot achieve an admissible
level of accuracy [23].

SHAP1 (SHapley Additive exPlanations) is a tool that
uses the principles of XAI. Its primary purpose is to assess the
significance of each input attribute and quantify its impact on
the prediction result [24]. Shapley values, derived from game
theory, encompass the degrees of significance of the attributes
assigned [25]. Essentially, the Shapley value is the expected
average marginal contribution of an attribute after all possible
combinations have been considered.

2.2 Carbon Nanotubes
Carbon nanotubes have emerged with the aim of solving prob-
lems caused by the miniaturization of materials. They are
cylindrical graphene structures [26, 27]. The two main struc-
tural parameters of a carbon nanotube are the diameter and
chiral angle, which define its structure (also called chirality).

There are two classes of carbon nanotubes: single-walled
carbon nanotubes (SWCNTs) and multi-walled carbon nan-
otubes (MWCNTs). SWCNTs and MWCNTs have different

1https://pypi.org/project/shap/
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Figure 1. Schematic overview of Auto-sklearn. Adapted from [21].

physical properties because of their structural differences. In
SWCNTs, the nanotube wall is formed by only one layer
of graphene. They are graphene sheets rolled up to form
cylinders. MWCNTs consist of a concentric arrangement of
the SWCNTs, forming several layers of graphene rolled into
cylinders [28].

SWCNTs are used in industrial paints, car tires, struc-
tural materials, adhesives, lubricants, transparent conductive
films, cables, among others [28]. Potential applications of
MWCNTs are additives in polymers, catalysts, electron field
emitters for cathode ray lighting elements, flat panel display,
lithium-battery anodes, drug delivery, among others [28].

In this work, two SWCNT data sets were considered, both
of which are related to multi-target regression task. CASTEP-
CNC (CASTEP software using Carbon Nanotube Coordi-
nates)1 is a data set that contains information that allows
predicting the atomic coordinates of carbon nanotubes. The
SWCNT-Canadija2 data set contains basic data on the config-
urations and corresponding mechanical properties of single-
walled carbon nanotubes up to 4 nm in diameter. Information
about attributes and targets of these data sets is presented in
Section 4.1.

2.3 Related Works
Our work is related to three main areas: the problem of predic-
tions related to carbon nanotubes, general multi-target regres-
sion task, and ensemble learning. Initially, in this section, the
works that approach the two multi-target regression problems
related to CNT are presented. Then, different works related to
other multi-target regression tasks and ensemble learning are
also listed.

Carbon nanotubes have applications in various fields. A
review of the use of machine learning with nanotechnology
and nanomaterials was conducted, focusing on carbon nan-
otubes [1]. Many of the works address the use of machine
learning for the classification/prediction of different thermal,
mechanical, and electrical properties of carbon nanotubes.

Only two works [26, 29] were found in the literature that
deal with the problem of predicting the atomic coordinates of
carbon nanotubes, both using the CASTEP-CNC data set, con-
sisting of 5 attributes and 3 targets. Four neural network mod-
els are used to perform coordinate prediction: Feed-forward
neural networks (FFNNs), Function Fitting Neural Network

1Available at https://archive.ics.uci.edu/ml/data sets/Carbon+Nanotubes
2Available at https://data.mendeley.com/data sets/vwd34rvphw

(FITNET), Cascade-Forward Neural Network (CFNN), and
Generalized Regression Neural Network (GRNN) [26]. The
objective was to reduce the time needed to obtain the final
coordinates, as the usual mathematical methods can take days
to calculate. The FFNN and FITNET models obtained better
results. The metrics used to measure performance were R,
MSE (Mean Squared Error), MAE (Mean Absolute Error),
and SSE (Error Sum of Squares). Artificial neural networks
are also applied to predict the coordinates of carbon nanotubes
[27]. In this work, the FFNN model was also used along with
two other models: Residual Neural Network (ResNet) and
Convolutional Neural Network (CNN). The results for the
CASTEP-CNC data set were specified in terms of precision,
considering a relationship between the actual results and the
predictions of the networks.

Regarding the prediction of carbon nanotube properties,
an artificial neural network was proposed in conjunction with
deep learning to predict four different mechanical properties
of carbon nanotubes [29]. The SWCNT-Canadija data set was
used to predict 4 targets considering the R2 metric.

There are different studies related to multi-target regres-
sion and ensemble learning tasks [30, 31, 32, 33, 34, 35, 36,
37, 38, 4, 39]

In another work a rule learning method is proposed for the
multi-target regression task, called FIRE-ROS (Fitted Rule
Ensembles with Random Output Selections) [30]. The method
extends the rule learning method FIRE and learns an ensemble
of Predictive Clustering Trees (PCTs) with random output
selections (ROS). For the experiments, 16 benchmark data
sets containing between 6 and 35 targets with different number
of instances per data set were used. Model performance is
measured using the aRRMSE (Average Relative Root Mean
Squared Error) metric.

Ten machine learning algorithms were applied to a data
set containing herbaceous biomass samples to quantitatively
determine biomass feedstock compositions (one target) [34].
The algorithms were as follows: SVRLin (Support Vector
Regression with Linear kernel), SVRRad (Support Vector Re-
gression with Radial kernel), LASSO (Least Absolute Shrink-
age and Selection operator), RIDGE (RIDge REgression),
ENET (Elastic NET regression), PLS (Partial Least Squares
regression), RPART (Recursive Partitioning and Regression
Trees), RF (Random Forest), GBM (Gradient Boosting Ma-
chine) and GP (Gaussian Process). The algorithms were tested
individually and later combined to form a stacked ensemble.
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The results in terms of RMSEP (Root Mean Square Error
of Prediction) and R2 metrics were independently verified
between the algorithms and then compared with the ensem-
ble result. The stacked ensemble obtained the best results
compared to the other machine learning techniques used.

Four artificial neural networks are used to optimize the
result of solar and wind forecasts from data obtained in Spain
and Brazil (forecast time series) [35]. The neural network
models used were Backpropagation Multilayer Perceptron,
RBF (Radial Bases Function), CFBP (Cascade Forward Back
Propagation), and SOM (Self-Organizing Map). After individ-
ual applications of neural networks, with the results obtained
in terms of RMSE, R, MAE and MAPE (Mean Absolute
Percentage Error), an ensemble is performed using Ridge Re-
gression in order to obtain a performance increase. Using
the ensemble improved performance compared to using the
algorithms in isolation.

A method called MTR-TSF that deals with multi-target
regression tasks by learning Target Specific Features (TSF)
is proposed [36]. In MTR-TSF, the targets are linked to the
specific attributes of each data set. The proposed method
uses the regression tree boosting method (CART-boosting).
Eighteen data sets with the number of targets varying between
2 and 16 are used in the experiments, and the results are
evaluated with the aRRMSE metric.

In another work the dependencies that targets in multi-
target problems have on each other are studied [37]. The
authors proposed two ensemble methods called SST (Stacked
Single-Target) and ERC (Ensemble of Regressor Chains) and
tested them on 18 multi-target regression data sets, with the
number of targets varying between 2 and 16. The RRMSE
(Relative Root Mean Squared Error) metric is used.

Three SVM-based models were proposed to deal with
multitarget regression problems [38]. The first builds single-
target regression models for each target, called the support
vector regression (SVR). The second builds an ensemble using
the previously generated models, a model called SVRRC,
a multi-target ensemble of randomly chained SVR models.
The third calculates the relationships between the targets and
assembles a model called SVRCC (SVR Correlation Chains).
The experiments are carried out in 24 data sets (with the
number of targets varying between 2 and 16) and showed that
the SVRCC model obtains promising results in relation to
the other compared models, considering the aRRMSE, MSE,
aCC (average Correlation Coefficient) and aRMSE (average
Root Mean Squared Error) metrics.

Structural modeling is proposed where the relationships of
the targets are modeled in a nonlinear way [4]. The approach,
denoted as NOSL (Non-linear Output Structure Learning),
was tested on 6 data sets (with data sets having 2 to 16 targets)
in terms of aRRMSE metric.

A multi-target regression algorithm called Multilayer Multi-
target Regression (MMR), built from the Elastic Net algo-
rithm, is presented, it also uses the concept of multilayers in a
similar way to neural networks [39]. Experiments to evaluate

the performance of the MMR were performed on 18 data sets,
which have from 2 to 16 targets. The aRRMSE metric is used.

Our proposal aASL-MTR connects the approach of us-
ing ensemble learning and the automated machine learning
method for the treatment of multi-target regression problems.
We used 21 real-world data sets that contain targets ranging
from 2 to 16 and that encompass a wide variety of MTR tasks.
Also, we present the results in terms of 5 metrics: MSE, SSE,
MAE, R and aRRMSE. Approaches for predicting the coor-
dinates and mechanical properties of carbon nanotubes are
still rare, and these problems are little explored computation-
ally. Finally, the use of an explainable artificial intelligence
technique contributes to understanding in the construction of
machine learning models.

3. Proposed approach
The general scheme of our proposal is presented in Figure 2.

Figure 2. Scheme of the proposed approach. The proposed
algorithm - aASL-MTR is represented in the Auto Machine
Learning step.

3.1 Data Preparation
In the first stage, the data is collected (reading the data sets),
followed by preprocessing. In the preprocessing of all data
sets, blank numerical values were replaced by the median.

Transformation of symbolic data to numeric was done
using the OrdinalEncoder encoder3.

The normalization technique by patterning (defined in
Equation 1) was used. All values to be normalized (VCurrent)
are subtracted by the average value of their attributes (µ) and
the resulting value is divided by the standard deviation of the
attributes (σ ). With this, a new data set is generated, with
values of mean 0 and variance 1 [40].

VNew =
VCurrent −µ

σ
(1)

3.2 Models Generation
In the next step of the scheme, the algorithms that will gen-
erate the models are used: considering classic algorithms or
considering the automatic machine learning algorithm.

A set of 10 classical algorithms was considered with their
hyperparameters adjusted by a technique that chooses the

3https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.
OrdinalEncoder.html
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best parameters from a given set of parameters in a grid4.
The algorithms used were as follows: ARD, SGD, DT, KNN,
SVM, GP, RF, ET, AB, and GB. This pool of algorithms
allows the automated machine learning algorithm to explore a
broad set of solutions, including ensemble learning-based and
non-ensemble-based regressors.

Figure 3. Algorithms used in the proposed scheme. The
proposed algorithm - aASL-MTR is represented in the Auto
Machine Learning category.

The automated machine learning step in Figure 2 repre-
sents the application of the Auto-Sklearn (ASL) toolkit that
frees the user from algorithm selection and hyperparameter
tuning. It takes advantage of recent advantages in Bayesian
optimization, meta-learning, and ensemble construction [21].
Our proposal aASL-MTR adapts the ASL to use the 10 classic
mentioned algorithms, adjusted and modified to work as multi-
target regression. No feature selection method was applied.
Figure 3 shows all algorithms used, classified as machine
learning algorithms with and without ensemble learning. It
is important to note that the pool of algorithms available for
aASL-MTR is made up of all the classical algorithms consid-
ered.

3.3 Generated Models Evaluation
The evaluation stage consists of verifying the performance
of the previously created models. There are some metrics
options in the literature for this purpose. For this work, the
following metrics were used: Mean Squared Error (MSE),
Sum of Squared Error (SSE), Mean Absolute Error (MAE),

4https://scikit-learn.org/stable/modules/generated/sklearn.model selection
.GridSearchCV.html

Coefficient of Multiple Correlation (R), and Average Relative
Root Mean Squared Error (aRRMSE).

Cross-validation was used to assess performance through
different splits performed in the training set, where each split
configuration is used to train an ML algorithm [41, 40].

An explainable artificial intelligence technique (SHAP) is
applied to the models generated by aASL-MTR. The devel-
opment was carried out through implementation in Python5

programming language, along with the open source tools
Scikit-learn6, Auto Sklearn7 and SHAP.

4. Results
In this section, the results of the experiments performed are
presented and discussed. The section is divided into four
subsections: in subsection 4.1 the data sets used in the experi-
ments are presented; in subsection 4.2 the test methodology
is explained, including the metrics and statistical tests used
during the analysis; finally, in subsections 4.3 and 4.4 the
results for carbon nanotubes and general MTR are presented.

4.1 Considered data sets
In this work, 21 data sets were used, detailed in Table 1. In
the first stage of the results, 3 multi-target data sets related to
carbon nanotubes were considered, with the number of targets
varying between 3 and 4. In the second stage of the results,
18 multi-target data sets commonly used in the literature were
considered8, with a number of targets ranging from 2 to 16.

The CASTEP-CNC data set is for predicting the coordi-
nates of carbon nanotubes; it contains 3 targets that refer to the
atomic coordinate numbers of the nanotubes themselves. The
data set has five attributes, which are the chiral indices n and
m; initial atomic coordinates u, v and w (CASTEP randomly
generated u, v and w parameters of the initial atomic coor-
dinates of all carbon atoms, respectively). The three targets
are: calculated atomic coordinates u′, v′ and w′ (CASTEP
calculated u′, v′ and w′ parameters of the atomic coordinates
of all carbon atoms, respectively). These parameters rep-
resent the fractional atomic coordinates of all carbon atoms
within the crystallographic unit cell of the carbon nanotube
structure, as calculated by CASTEP. In this context, u’, v’,
and w’ specify the position of each atom as a fraction of the
unit cell’s dimensions along its respective crystallographic
axes.

The SWCNT-Canadija data set was originally used in the
work of Canadija [29]. The author used two chiral indices
(n and m) from the data set to predict four different mechani-
cal properties of carbon nanotubes (Young’s modulus initial,
initial Poisson’s ratio, fracture strain, and ultimate tensile
strength (UTS). Young’s modulus is a mechanical property
that measures the tensile or compressive stiffness of the mate-
rial when the force is applied in the longitudinal direction [42].

5https://www.python.org/
6https://scikit-learn.org/
7https://www.AutoML.org/AutoML-for-x/tabular-data/au to-sklearn/
8Available at https://www.openml.org/
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Table 1. Description of the 21 data sets used in experiments.
data set Size Attrib. N. Targ. N.
(S) (N) (X) (Y )

1o Stage

CASTEP-CNC 10721 5 3
SWCNT2-Canadija 818 2 4
SWCNT4-Canadija 818 4 4

2o Stage

ANDRO 49 30 6
ATP1D 337 411 6
ATP7D 296 411 6
EDM 154 16 2
ENB 768 8 2
JURA 359 15 3
OES10 403 298 16
OES97 334 263 16
OSALES 639 413 12
RF1 9125 64 8
RF2 9125 576 8
SCM1D 9803 280 16
SCM20D 8966 61 16
SCPF 1137 23 3
SF1 323 10 3
SF2 1066 10 3
SLUMP 103 7 3
WQ 1060 16 14

The initial Poisson ratio is a measure of the Poisson effect,
which includes the deformation of a material in perpendicu-
lar directions [43]. Fracture strain is the elongation at break
(ductility measurement) of a carbon nanotube [44]. UTS is
the maximum resistance of the carbon nanotube to fracture.

The SWCNT-Canadian data set also contains two addi-
tional attributes (initial diameter and length of carbon nan-
otubes) that were not used in the original work [29], because
the author concluded that the chirality of carbon nanotubes has
a large impact on the mechanical properties to be predicted.
However, in this work, we decide to consider all the attributes
in order to explore the data set as much as possible. In the
experiments, we consider two different versions of the data
set: i) SWCNT2-Canadija that contains only the two chirality
indices as attributes (to make possible the comparison with the
original work [29]), and ii) SWCNT4-Canadija that contains
four attributes (two chiral indices, initial diameter and initial
length).

The other 18 data sets were used in the experiments to
test aASL-MTR on a classic set of benchmarks for MTR
data sets. The ANDRO (Andromeda) data set has six tar-
gets corresponding to the prediction of the water quality of a
gulf in Greece. The available samples were collected using
underwater sensors [45].

The data sets ATP1D and ATP7D (Air Ticket Price) corre-
spond to the price of airline tickets. Each sample contains 6
targets and information from different flight departures that

are used to predict the value of future air tickets on the next
day (ATP1D) or the minimum possible value in the next 7
days (ATP7D) [46].

The EDM (Electrical Discharge Machining) data set ad-
dresses a 2-target regression problem that aims to make a
machine control the value of two variables, as a human would
control [47].

The ENB (Energy Building) data set also works with two
targets, which have information related to heating and cooling
loads for building construction [48].

The JURA data set has 3 targets consisting of measure-
ments of concentrations of seven different heavy metals that
have been collected in the soil of the Jura Mountains [49].

The OES10 and OES97 (Occupational Employment Sur-
vey) data sets contain information from occupational employ-
ment surveys from the United States Bureau of Labor Statis-
tics. The data were obtained in 1997 (OES97) and 2010
(OES10), both have 16 targets [37].

The OSALES data set is a preprocessed version of the
data set used in Kaggle’s “Online Product Sales” competition.
Each sample contains 12 targets that correspond to the number
of products sold online every month in a year [50]. In another
competition called Kaggle’s “See Click Predict Fix” the SCPF
data set was used, where each sample contains 3 targets that
are related to the number of views, clicks, and comments on
a complaint mechanism in the United States [51]. Both the
OSALES and SCPF data sets had blank cells. To avoid this,
the median value of each column was used to fill these fields.

Data sets RF1 and RF2 (River flow) contain information
to predict the flow of the river network for the next 48 hours.
RF1 contains information from 8 different locations on the
Mississippi River. RF2 adds an extension by including infor-
mation related to the precipitation forecast of the 8 locations
[37]. Both have 8 targets and had to go through an addi-
tional treatment to fill in the blank cells using the median of
corresponding column.

The SCM1D and SCM20D (Supply Chain Management)
data sets have 16 targets and information collected from the
“Trading Agent Competition” tournament. Each sample cor-
responds to one day of the tournament, the data sets aim to
predict the average ticket price for the next day (SCM1D) or
the next 20 days (SCM20D) of the tournament [37].

The SF1 and SF2 (Solar Flare) data sets correspond to
the number of solar flares observed in a 24-hour period. SF1
contains data from 1969 while SF2 from 1978 [52] both have
3 targets. In these data sets, the symbolic fields were trans-
formed into numerical ones.

The SLUMP data set (Concrete Slump) has 3 concrete
properties as target [53].

Finally, the WQ (Water Quality) data set presents targets
related to 14 parameters of the physicochemical quality of
river water in Slovenia [54].
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4.2 Experiments Methodology
In this work, the following metrics were used during the
analysis of the results: MSE, SSE, MAE, R and aRRMSE.
These metrics are defined by Equations 2 to 6, where n is
the number of instances, Yi corresponds to the values of the
targets of the instances, Ŷ are the results of the predictions and
Ȳ represents the average values of the targets of the instances.
All metrics measure between 0 and 1, and with the exception
of the R metric, smaller values are preferred.

MSE =
1
n

n

∑
i=1

(Yi − Ŷi)
2 (2)

SSE =
n

∑
i=1

(Yi − Ŷi)
2 (3)

MAE =
1
n

n

∑
i=1

|Yi − Ŷi| (4)

R =

√
1− ∑

n
i=1(Yi − Ŷi)2

∑
n
i=1(Yi − Ȳ )2 (5)

aRRMSE =
1
n

√
∑

n
i=1(Yi − Ŷi)2

∑
n
i=1(Yi − Ȳ )2 (6)

In all experiments, the K-fold cross-validation method is
used with k value as 10. All classic algorithms were parame-
terized using a grid search algorithm [19]. The different value
ranges used for the grid search to choose the most appropriate
value are shown in Table 2 (the ranges were chosen as sug-
gested by Shahhosseini et al. [55]). aASL-MTR eliminates
the need for manual configuration by autonomously perform-
ing hyperparameter optimization to construct an ensemble.
Nevertheless, it allows the specification of the algorithm’s
time limit and the metric employed for its internal optimiza-
tion. Across all runs, a fixed time limit of 60 minutes was
enforced, and the RMSE was utilized for optimization pur-
poses.

The experiments are divided into two stages. The first
stage analyzes the results related to carbon nanotubes, and the
second stage treats the results involving the other multi-target
regression data sets. Statistical tests were performed at both
stages of the experiments. In the first stage, the Friedman
statistical test was used, while the ANOVA statistical test
was used in the second stage. The ANOVA and Friedman
statistical tests were used, according to the recommendations
of Demšar [56]. All tests were performed with a significance
level of 0.05 and the MSE metric was considered.

The tests perform the validation of the null hypothesis H0
that all methods are equivalent, if it is rejected, the Bonferroni-
Dunn post-hoc test [57] was used. Calculate the Critical

Table 2. Classical algorithms and their hyperparameter
settings [55].

Algorithm Hyperparameters Values

ARD
alpha1
alpha2

10range(−5,1)1

10range(−5,1)

SGD
alpha
l1 ratio

10range(−5,1)

10range(−5,1)

DT max depth range(3, 100)2

KNN n neighbor linspace(2, 20, 10)3

SVM
C
kernel

linspace(0.01, 5, 20)
{linear, poly, rbf}

GP alpha 10range(−10,−4)

RF
n estimators
max depth

{100, 200, 500}
range(3, 10)

ET
n estimators
max depth

{100, 200, 500}
range(3, 10)

AB
n estimators
learning rate

{100, 200, 500}
linspace(0.5, 2, 20)

GB
n estimators
learning rate

{100, 200, 500}
linspace(0.5, 2, 20)

1Values between 10−5 and 101, incremented by 1.
2Values between 3 and 100, incremented by 1.
310 values linearly spaced between 2 and 20.

Distance (CD) between the methods, which is the minimum
distance that two methods need to have in terms of ranking to
be considered significantly different. The CD calculation is
given by Equation 7 [56].

CD = qα

√
M(M+1)

6N
(7)

such that M is the number of compared methods, N is the
number of data sets, and qα is the critical value which has
fixed values predefined by Demšar [56]. Regarding how the
comparison is performed, the Bonferroni-Dunn test designates
one of the methods as the control method and then compares
its performance against the others (one against all). When
the diagram is constructed from the Bonferroni-Dunn test, the
range of critical differences is marked under the main line,
and all the methods within the marking are not considered to
be significantly different. In addition, the control method is
highlighted [56].

The principles of explainable artificial intelligence were
put into practice using the SHAP tool. aASL-MTR lever-
ages diverse ensembles, resulting in more intricate models
compared to conventional algorithms. For this reason, the
SHAP analysis was used only in the models generated from
aASL-MTR in the data sets from the first stage of the tests.
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4.3 First Stage Results - Carbon Nanotubes
In this stage, the results of the experiments carried out with
the data sets of carbon nanotubes named CASTEP-CNC,
SWCNT2-Canadija and SWCNT4-Canadija are presented.

Table 3 presents the results for the CASTEP-CNC data
set, the data set that predicts the atomic coordinates of the
carbon nanotubes. MSE, SSE, MAE and R metrics are used to
evaluate the results. The literature for the CASTEP-CNC data
set does not use the aRRMSE metric, so it was not considered.

Analyzing Table 3, it is possible to observe that aASL-
MTR obtained a superior performance compared to the classic
algorithms in all metrics considered. The ARD and SGD algo-
rithms performed well, while the SVM algorithm achieved the
worst results. With these tests, it is concluded that aASL-MTR
is the most suitable algorithm for predicting the atomic coordi-
nates of carbon nanotubes. Statistical tests using the ANOVA
test were applied to the 11 algorithms compared considering
the MSE metric. The input for the tests were the values ob-
tained in each of the 10 folds from the cross-validation. At
this stage, the null hypothesis was not rejected, which implies
that all compared methods are statistically equivalent.

To our knowledge, the work of Acı and Avcı [26] is the
only in the literature that uses the CASTEP-CNC data set and
uses four different neural networks: Feedforward Neural Net-
work (FFNN), Function Fitting Neural Network (FITNET),
Cascade-Forward Neural Network (CFNN), and Generalized
Regression Neural Network (GRNN). The comparison of the
aASL-MTR results is shown in Table 4.

aASL-MTR was better evaluated considering the SSE
metric, and the results of the literature [26] were superior in
the other metrics. It should be noted that the work in the
literature [26] considers neural networks specifically designed
to solve the problem of predicting carbon nanotubes, which
differs from aASL-MTR, which, due to its adaptive nature,
can be applied to other problems. In addition, the proposed
approach releases the user from the full configuration of the
ensemble, allowing non-expert users in machine learning to
obtain high-quality models.

Table 5 presents the results for the SWCNT2-Canadija
data set, which predicts the mechanical properties of carbon
nanotubes. In this case, aASL-MTR was far superior to the
other algorithms considering all metrics. The RF algorithm
was the second best result, and the SVM algorithm was the
worst algorithm to predict the mechanical properties of CNTs.
Statistical tests using the ANOVA test were applied to the
SWCNT2-Canadija data set considering the 11 methods for
the MSE metric. The input for the tests were the values
obtained in each of the 10 folds from the cross-validation.
The null hypothesis was rejected, pointing to the existence of
a statistical difference between the compared algorithms. The
Bonferroni-Dunn post-hoc test was applied and the critical
difference diagrams are shown in Figure 4, considering aASL-
MTR as the baseline algorithm.

The Bonferroni-Dunn post-hoc test points that aASL-
MTR is rank 1 and is statistically equivalent to the RF, GB and

DT algorithms. This group of three algorithms is statistically
superior to the eight others compared according to the statisti-
cal test. It is worth noting that of the 3 algorithms statistically
equivalent to aASL-MTR, only one is not based on ensemble
(DT).

Table 6 shows the results for the SWCNT4-Canadija data
set. Again, aASL-MTR outperforms the classical algorithms.
The GP algorithm was the second best result, and again the
SVM was the worst algorithm. Statistical tests using the
ANOVA test were also applied to the SWCNT4-Canadija data
set, also considering the 11 methods for the MSE metric. The
input for the tests were also the values obtained in each of the
10 folds from the cross-validation. The null hypothesis was
rejected, pointing to the existence of a statistical difference
between the compared algorithms. The Bonferroni-Dunn post-
hoc test was applied and the critical difference diagrams are
shown in Figure 5, considering aASL-MTR as the baseline
algorithm.

The Bonferroni-Dunn post-hoc test points that aASL-
MTR is rank 1 and is statistically equivalent to the GP, ET, RF
and GB algorithms. These algorithms are statistically superior
to the others according to the test. Among the 4 algorithms
statistically equivalent to aASL-MTR, only GP is not based
on the ensemble.

For comparison with the literature for the SWCNT-Canadija
data sets, Canadija’s work was used [29], since it is the only
work that uses this data set, in which a Deep Neural Network
(DNN) is applied. The comparison of the aASL-MTR results
is shown in Table 7.

It can be seen that the results for the SWCNT4-Canadija
data set were superior to those obtained by SWCNT2-Canadija
in all metrics considered. Therefore, it can be concluded that
using the 4 attributes of the data set (n, m, initial diameter,
and initial length) is better than using only 2 attributes (n and
m). Compared to Canadija’ work [29], which uses only 2
attributes, the R metric points out that aASL-MTR outper-
formed the approach proposed by Canadija [29]. It should be
noted that deep learning techniques were used in Canadija’s
work [29], which are more robust and computationally expen-
sive compared to those applied in this work.

For the three data sets involving the prediction of coordi-
nates and properties of carbon nanotubes, aASL-MTR showed
good results.

4.3.1 Analysis of the Generated Ensembles in Carbon
Nanotubes data sets

This section explores the composition of the ensembles gener-
ated by the proposed approach for carbon nanotube data sets.
Figures 6 and 7 present, for each of the CNT data sets, the
relationship between the size of the set generated by aASL-
MTR and the diversity of ML techniques that make up it. For
the three data sets, Figure 6 shows that the techniques are
repeated in the composition of the ensemble, with different
configurations of their hyper parameters. The ensemble gener-
ated for SWCNT2-Canadija is the most populous and the most
heterogeneous, followed by CASTEP-CNC and SWCNT4-
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Table 3. Results of first stage experiments on the CASTEP-CNC data set with different metrics. The best values are highlighted
in dark gray and the second best are in light gray.

Algorithm MSE SSE MAE R

ARD 0.000086542409 0.01852814 0.001996821 0.9994894
SGD 0.000086641779 0.01856142 0.002048057 0.9994888
DT 0.001141752359 0.23339465 0.023101653 0.9932436
KNN 0.001232433167 0.26434840 0.025443566 0.9926687
SVM 0.003234388693 0.69377119 0.048215015 0.9806258
GP 0.000774550651 0.16619233 0.009406665 0.9803550
RF 0.000337507639 0.07205917 0.011817558 0.9980051
ET 0.000257479497 0.05463849 0.009448841 0.9984776
AB 0.000922206783 0.18873919 0.019520367 0.9944896
GB 0.000166608512 0.03562638 0.003396928 0.9990262
aASL-MTR 0.000074060236 0.01591950 0.001793987 0.9995647

Table 4. Comparison of the aASL-MTR results with the literature for the CASTEP-CNC data set. The best aRRMSE values are
highlighted in dark gray.

Algorithm MSE SSE MAE R

FFNN [26] 0.000006679809 0.02003943 0.001536561 0.9999597
FITNET [26] 0.000006625736 0.01987721 0.001478840 0.9999602
CFNN [26] 0.000010766950 0.03230084 0.002130755 0.9999354
GRNN [26] 0.078235160000 77.7360000 0.224040300 0.9412479
aASL-MTR 0.000074060236 0.01591950 0.001793987 0.9995647

Canadija. Figure 7 shows the total number of appearances of
each of the ML techniques in the ensembles of the three CNT
data sets and also in how many ensembles (data sets) each
technique has. The AB and SVM techniques are the ones that
appear in greater quantity in the composition of two ensem-
bles. This fact demonstrates the ability of the aASL-MTR
in tuning hyperparameters, since when the tuning was done
by grid search, the SVM presented the worst performance.
Among the ML techniques available to aASL-MTR for the
creation of the ensemble some do not appear in the ensemble
of any of the three data sets, they are: SGD, GB, DT, KNN,
and GP. The following algorithms with their parameters ad-
justed by grid search are statistically equivalent to aASL-MTR
for CNT data sets: GP, ET, RF, GB (SWCNT2-Canadija); RF,
GB, and DT (SWCNT4-Canadija) and for the CASTEP-CNC
data set, all algorithms are equivalent to each other. Among
these equivalents, only GB, DT and GP do not appear in any
CNT ensemble.

4.3.2 Explainability in Carbon Nanotube data sets
The explainability of the models generated by aASL-MTR
was explored for the CASTEP-CNC and SWCNT4-Canadija
data sets, using the SHAP tool. The results are presented
graphically and demonstrate how much each attribute cooper-
ates for the values of the coordinate predictions or mechanical
properties of the carbon nanotubes. Figures 8 and 9 show the
results for the CASTEP-CNC and SWCNT4-Canadija data
sets, respectively.

Figure 8 shows the attributes that contributed the most to
the aASL-MTR model considering the CASTEP-CNC data
set. It also provides information about the specific impact

of the specific attribute on the prediction of each target. The
three atomic coordinates are the features that most influence
the prediction. Thus, the initial atomic coordinate attribute u
contributed the most to the prediction of the calculated atomic
coordinate u′ and contributed slightly to the prediction of the
calculated atomic coordinate v′. The initial atomic coordinate
of the attribute w contributed the most to the prediction of
the calculated atomic coordinate w′ and contributed slightly
to the prediction of the calculated atomic coordinate v′. The
prediction of atomic coordinates v′, u′, and w′ hardly uses
chiral indices of the attributes.

Figure 9 shows the attributes that contributed the most
to the aASL-MTR model considering the SWCNT-Canadija
data set. The initial diameter is recognized by SHAP as the
most important attribute. This attribute is the one that most
influences the prediction of the Young’s modulus initial. This
target even uses all the attributes to be predicted. The predic-
tion of the UTS target is also influenced by the four attributes.
The Initial Poisson’s ratio and Fracture Strain targets have
a low influence on the attributes (which was omitted in the
illustration due to the scale of the graph).

In a detailed study [29], was identified that the chirality
of nanotubes (attributes m and n) was identified to have a
great impact on the prediction of the mechanical properties
of nanotubes. This was confirmed in this analysis of explain-
ability in the construction of the machine learning model for
the SWCNT4-Canadija data set. However, it can be seen that
the initial diameter attribute also had a great influence on the
model.
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Table 5. Results of first stage experiments on the SWCNT2-Canadija data set with different metrics. The best aRRMSE values
are highlighted in dark gray and the second best are in light gray.

Algorithm MSE SSE MAE R

ARD 48.251043669483 7913.17116179 2.69473794 0.7950159
SGD 48.251612124478 7913.26438841 2.69675760 0.7950380
DT 33.089499448626 5426.67790957 2.51179709 0.8063651

KNN 33.891359494590 5558.18295711 2.549898616 0.7986300
SVM 49.272449189248 8080.68166703 2.65906292 0.4458818
GP 34.907710514891 5724.86452444 2.57804288 0.8154876
RF 32.216345155167 5283.48060544 2.46117942 0.8125158
ET 33.804785301100 5543.98478938 2.50555503 0.8121810
AB 37.141678528492 6091.23527867 2.69288742 0.7999103
GB 32.628265139412 5351.03548286 2.48109443 0.8074713

aASL-MTR 7.297442022820 1196.780491742 1.06527849 0.9793250

Figure 4. Graphical representation of the Bonferroni-Dunn post-hoc test displaying the average rank of the MSE for the 11
algorithms considered for the SWCNT2-Canadija data set. The critical difference was equal to 2.813 and aASL-MTR was the
baseline algorithm.

4.4 Second Stage Results - Multi-target data sets
In this step, the results of the experiments carried out with the
18 multi-target data sets are presented (Table 1). The adopted
metric was the aRRMSE, which is used in the literature to
evaluate these data sets.

Table 8 displays the results of the experiments for the 18
data sets considering the 10 classical algorithms and aASL-
MTR. In terms of absolute results, aASL-MTR was the best
algorithm for 10 data sets, taking the second-best result for 4
additional data sets. ET was the second overall best algorithm,
with the best results for 4 data sets. Friedman’s statistical test
was applied and indicated that there is a statistical difference
between the compared algorithms. The Bonferroni-Dunn post-
hoc test was applied and the critical difference diagrams are
shown in Figure 10, considering aASL-MTR as the baseline
algorithm.

The Bonferroni-Dunn post hoc test points that aASL-MTR
is rank 1 and is statistically equivalent to the ET and RF algo-
rithms, both based on ensembles. This group of algorithms is
statistically superior to the other 8 compared according to the
considered statistical test. For comparison of the literature, the
following works were used (presented in Section 2.3): SST
[37], ERC [37], MMR [39], SVRCC [38], MTR-TSF [36],
NOSL [4], and FIRE-ROS [30].

Table 9 displays the results of the experiments for the 18
data sets considering the 10 algorithms from the literature,
and aASL-MTR. In terms of absolute results, aASL-MTR was
the best algorithm for 6 data sets. The MTR-TSF algorithm

outperformed all algorithms in 9 data sets.
Friedman’s statistical test showed a significant difference

between the algorithms analyzed. For the test, six algorithms
(SST, ERC, MMR, SVRCC, MTR-TSF, and aASL-MTR)
were considered, in which the original papers presented com-
plete results for all 18 data sets. The Bonferroni-Dunn post-
hoc test was applied and the critical difference diagrams are
shown in Figure 11, considering aASL-MTR as the baseline
algorithm.

It can be seen in the graph of Figure 11 that the algorithms
aASL-MTR, MTR-TSF and MMR are statistically equivalent
and superior to the other 3 algorithms compared.

Some of the data sets used in this step have a large amount
of attributes, making the use of the XAI concepts a very
complex task. For this reason, SHAP was not used in this step
and this is a planned future work.

4.4.1 Analysis of the Generated Ensembles in general
MTR data sets

This section explores the composition of the ensembles gener-
ated by aASL-MTR for the multi-target regression data sets.
Figures 12 and 13 present, for each of the MTR data sets, the
relationship between the size of the set (the total number of
ML techniques) and the diversity of techniques that make up
it. For all data sets, Figure 12 shows that the techniques are
repeated in the composition of the set, especially for the RF1,
SCM1D, and SCPF data sets. The most populous ensembles
(RF1, SCM1D, and SCPF data sets) are also the most homoge-
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Table 6. Results of first stage experiments on the SWCNT4-Canadija data set with different metrics. The best values are
highlighted in dark gray and the second best are in light gray.

Algorithm MSE SSE MAE R

ARD 32.433369131505 5319.07253756 2.45639544 0.8689465
SGD 40.988686105707 6722.14452133 2.70193416 0.8521731
DT 18.606244702842 3051.42413126 1.70977644 0.9525713

KNN 17.043076586047 2795.06456011 1.57256778 0.9670888
SVM 41.833318058503 6860.66416159 2.65063389 0.5818742
GP 8.877337656136 1455.88337560 1.13649469 0.9829707
RF 13.992511054680 2294.77181296 1.30574379 0.9724443
ET 12.334658531687 2022.88399919 1.26620151 0.9771720
AB 17.476112322384 2866.08242087 2.07287054 0.9238985
GB 10.854874517308 1780.19942083 1.33265800 0.9724447

aASL-MTR 5.423621125583 889.47386459 0.90986227 0.9881044

Figure 5. Graphical representation of the Bonferroni-Dunn post-hoc test displaying the average rank of the 11 algorithms
considered for the SWCNT4-Canadija data set. The critical difference was equal to 2.813 and aASL-MTR was the baseline
algorithm.

Figure 6. Size and heterogeneity of generated ensembles by
aASL-MTR for the carbon nanotubes. The smaller the
difference between the orange and blue bars, the greater the
heterogeneity of the ensemble.

neous. The most heterogeneous ensembles were generated for
the JURA, SLUMP, and OSALES data sets. Figure 13 shows
the total number of appearances for each technique present
in the ensembles of the MTR data sets and also in how many
ensembles (data sets) the techniques appear. The techniques
that are most repeated in the composition of the ensembles are
AB and KNN. The KNN technique is the one that appears the
most among the different ensembles (data sets), while the DTs
have a total of five appearances in three ensembles (data sets).
The SGD and GB techniques do not appear in the ensembles
of any of the data sets considered. ET and RF are statistically

Figure 7. Total appearances of each ML technique and
number of ensembles in which each technique appears for the
NTC data sets generate by aASL-MTR. The greater the
distance between the orange and blue dots, the greater the
number of repetitions of the technique the dot represents.

equivalent to aASL-MTR for the MTR data sets, they appear,
respectively, in 8 and 10 ensembles (data sets). ET has in total
16 appearances and RF 14.

5. Conclusions
In this work, we use machine learning techniques, more specif-
ically an AutoML method called Auto Sklearn, which makes
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Table 7. Comparison of the aASL-MTR results with the literature for the SWCNT2 and SWCNT4-Canadija data sets. The best
values are highlighted in dark gray.

Algorithm data set MSE SSE MAE R

aASL-MTR SWCNT2-Canadija 7.297442022820 1196.78049174 1.06527849 0.9793250
aASL-MTR SWCNT4-Canadija 5.423621125583 889.47386459 0.90986227 0.9881044
DNN [29] SWCNT-Canadija — — — 0.9880000

Table 8. Results of second stage experiments on 18 multi-target data sets in terms of aRRMSE metric. The best values are
highlighted in dark gray and the second best are in light gray.

data set ARD DT GP KNN SGD SVM AB ET GB RF aASL-MTR

ANDRO 0.835 0.432 6.918 0.503 0.795 0.520 0.509 0.522 0.462 0.591 0.351
ATP1D 0.918 1.139 6.283 0.876 4924 1.285 0.780 0.720 0.680 0.693 0.353
ATP7D 1.769 1.317 10.44 1.435 7893 1.409 1.219 1.156 1.276 1.114 0.510
EDM 0.894 0.921 0.750 0.819 0.856 0.718 0.667 0.662 0.831 0.670 0.630
ENB 0.359 0.149 0.169 0.266 0.364 0.302 0.201 0.131 0.065 0.132 0.072
JURA 0.573 0.855 1.246 0.664 0.559 0.566 0.625 0.629 0.664 0.597 0.554
OES10 0.445 0.624 1.267 0.467 2859 0.370 0.449 0.429 0.493 0.437 0.326
OES97 0.604 0.716 1.360 0.574 5762 0.487 0.543 0.538 0.600 0.552 0.493
OSALES 0.876 0.889 1.221 0.897 1.300 0.803 0.945 0.692 0.937 0.757 0.756
RF1 0.718 0.064 0.303 0.127 0.433 0.196 0.281 0.102 0.109 0.077 0.026
RF2 0.369 0.033 0.137 0.031 3923 0.443 0.295 0.020 0.154 0.097 0.034
SCM1D 0.382 0.446 5.180 0.302 8225 0.595 0.461 0.268 0.335 0.291 0.281
SCM20D 0.648 0.570 3.402 0.307 0.652 0.656 0.706 0.428 0.426 0.442 0.307
SCPF 0.990 0.814 2.672 0.895 0.837 0.862 1.287 1.115 1.365 0.888 0.846
SF1 0.988 1.054 1.109 0.996 0.988 1.070 1.100 1.019 1.196 1.035 0.990
SF2 0.942 0.950 1.129 0.951 0.948 1.212 1.120 0.955 1.182 0.947 0.984
SLUMP 0.721 0.832 0.980 0.778 0.731 0.629 0.717 0.659 0.673 0.681 0.587
WQ 0.940 0.941 1.143 0.918 0.940 0.955 0.998 0.893 1.011 0.898 0.906

Table 9. Comparison of the aASL-MTR results with the literature on 18 multi-target data sets in terms of aRRMSE metric. The
best values are highlighted in dark gray and the second best are in light gray.

data set SST [37] ERC [37] MMR
[39]

SVRCC
[38]

MTR-
TSF [36]

NOSL
[4]

FIRE-
ROS [30]

aASL-
MTR

ANDRO 0.579 0.567 0.527 0.445 0.360 0.353 —– 0.351
ATP1D 0.372 0.372 0.332 0.377 0.362 —– 0.413 0.353
ATP7D 0.507 0.512 0.443 0.534 0.423 —– 0.523 0.543
EDM 0.740 0.741 0.716 0.697 0.591 0.501 —– 0.630
ENB 0.121 0.114 0.111 0.089 0.054 0.080 —– 0.072
JURA 0.591 0.590 0.582 0.588 0.569 0.578 —– 0.554
OES10 0.421 0.420 0.403 0.353 0.335 —– 0.433 0.326
OES97 0.524 0.524 0.497 0.463 0.447 —– 0.465 0.493
OSALES 0.726 0.713 0.709 0.781 0.666 —– 0.703 0.756
RF1 0.094 0.091 0.089 0.091 0.078 —– 0.292 0.026
RF2 0.097 0.095 0.095 0.095 0.068 —– 0.291 0.034
SCM1D 0.336 0.330 0.318 0.328 0.299 —– 0.384 0.281
SCM20D 0.413 0.394 0.389 0.398 0.301 0.341 0.598 0.307
SCPF 0.831 0.830 0.812 0.801 0.786 —– —– 0.846
SF1 1.068 1.089 0.958 0.932 0.779 —– —– 0.990
SF2 1.055 1.088 0.984 1.029 0.751 —– —– 0.984
SLUMP 0.695 0.689 0.587 0.556 0.528 0.544 —– 0.587
WQ 0.909 0.906 0.889 0.904 0.900 —– 0.924 0.906
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Figure 8. Barplot of 5 attributes from the CASTEP-CNC data set. The X-axis is the mean SHAP values scored by aASL-MTR.
The values indicate the average score of the model output for the attributes. Pink, blue and green color represent three different
predictions: atomic coordinate v′, u′ and w′, respectively. The Y-axis represents the attributes determined by the explainer.

Figure 9. Barplot of 4 attributes from the SWCNT-Canadija data set. The X-axis is the mean SHAP values scored by
aASL-MTR. The values indicate the average score of the model output for the attributes. Blue, pink, red and green color
represent four different predictions: Young’s modulus initial, UTS, Initial Poisson’s ratio and Fracture Strain, respectively. The
Y-axis represents the attributes determined by the explainer.

use of ensemble learning, being able to select algorithms and
their hyperparameter tuning. The Auto Sklearn was adapted
and named aASL-MTR. aASL-MTR used a set of 10 ML
algorithms (some based on ensemble learning and some not)
adjusted/configured for the multi-target regression task.

Two main regression tasks were addressed, one associated
with predicting the atomic coordinates of carbon nanotubes
and the other with predicting different mechanical properties
of carbon nanotubes. In addition, the behavior of the pro-
posal was also observed in another 18 multi-target data sets,
encompassing different practical tasks.

In general, aASL-MTR presented good results for all data
sets considered, and, compared to the classic algorithms, it
was always among the statistically superior algorithms.

Regarding the problems related to carbon nanotubes, aASL-
MTR was compared favorably to other algorithms in the liter-
ature. It is also concluded in relation to the SWCNT-Canadija
data set that using the four attributes of the data set (chiral
indeces n and m, initial diameter and initial length) is better
than using only two attributes (chiral indeces n and m). The

ensembles generated for these tasks vary with respect to the
techniques that make up them, the size, and the level of het-
erogeneity. The AB and SVM techniques stand out in the
composition of the ensembles for the CNT data sets. Through
SHAP it was possible to identify the importance of attributes
for predictions, especially for the SWCNT4-Canadija data set,
in which the initial diameter emerged as a high importance
attribute.

Considering the remaining 18 data sets for MTR, com-
pared to the classical algorithms, aASL-MTR is the best ap-
proach, together with ET and RF. In comparison of the litera-
ture, aASL-MTR is among the three best algorithms, which
outperform the other techniques compared. The ensembles
generated for these data sets are quite diverse. For some data
sets, the ensembles are highly heterogeneous and populous,
while for some data sets, the ensembles generated are small
and homogeneous (or not very diverse). The AB and KNN
techniques stand out in the generation of ensembles for MTR
data sets.

It should be emphasized that the proposed approach uti-
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Figure 10. Graphical representation of the Bonferroni-Dunn post-hoc test displaying the aRRMSE average rank for the 11
algorithms considered for the 18 multi-target data sets. The critical difference was equal to 2.813 and aASL-MTR was the
baseline algorithm.

Figure 11. Graphical representation of the Bonferroni-Dunn post-hoc test displaying the average rank of the aRRMSE for the 6
literature algorithms considered for the 18 multi-target data sets. The critical difference was equal to 2.644 and aASL-MTR
was the baseline algorithm.

Figure 12. Size and diversity of the ensembles generated by
aASL-MTR for the MTR data sets. The smaller the
difference between the orange and blue bars, the greater the
heterogeneity of the ensemble.

lizes less complex machine learning techniques compared to
those discussed in the existing literature. Moreover, aASL-
MTR frees users from the burden of configuring the entire
ensemble, enabling nonexpert users in the field of machine
learning to achieve high-quality models.

In future work, more robust regressors can be included
in the AutoML algorithm, such as artificial neural networks,
or even use optimization algorithms, such as evolutionary al-
gorithms. In addition, other mechanisms for the automatic
construction of ensembles can be tested, as well as other
explainable AI tools can be explored. Future research also in-
volves the study and use of statistical tests based on Bayesian
optimization during experimental analysis.

Figure 13. Total appearances of each ML technique and
number of ensembles in which each technique appears for the
MTR data sets generate by aASL-MTR. The greater the
distance between the orange and blue dots, the greater the
number of repetitions of the technique the dot represents.
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